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Abstract In recent years, social media have become a popular channel through
which customers and companies can interact. However, companies struggle to
assess whether their investments in establishing and maintaining brand pages in
social media actually meet their high expectations with respect to developing and
retaining customers. Based on three empirical studies, the authors explore the role of
interactions through corporate social media channels, such as Facebook brand
pages, in customer relationship management. The results indicate that social media
interactions indeed ease the upselling efforts and reduce the risk of churn. These
positive effects offset the observed increases with regard to the number of service
requests and the higher overall service cost. Thus, we ultimately find customers who
interact with the brand on social media to be more profitable.
Keywords Social media  Brand pages  Customer relationship management 
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1 Introduction
Hoping that direct interaction with customers may raise customer relationships to
the next level, more than 100,000 companies to date have established brand pages
on social media platforms such as Facebook. Social media are Internet-based
applications that allow customers and companies to interact by creating, sharing, or
exchanging information (Kaplan and Haenlein 2010). Considering that each
company’s social media efforts require substantial investments (e.g., establishing
and maintaining brand pages), a fundamental question remains: Are social media
efforts worthwhile, and do they translate into better and altogether more
profitable customers?
Defining social media interactions as brand-related communication between
companies and customers and between customers via company-managed social
media channels such as brand pages, this study is based on previous research.
Recent research has advocated the value of social media interactions for companies
that propose conceptual frameworks to manage brands (Gensler et al. 2013) and
customers (Malthouse et al. 2013), develop metrics (Peters et al. 2013), and assess
the marketing potential in the social media context (Yadav et al. 2013). However,
there is a need for a deeper understanding of the implications of social media
(Hennig-Thurau et al. 2013), specifically one based on empirical evidence.
In three explorative studies involving data from a mobile phone provider on
customer-level demographics, contract history, customer service requests, and
social media usage, we investigate the link among social media interactions with the
firm and customers’ upselling behavior, churn, and service contacts. The results
indicate that social media interactions indeed ease the upselling efforts and reduce
the risk of churn. These positive effects offset the observed increases with regard to
the number of service requests and the higher overall service cost. Thus, we
ultimately find customers who interact with the brand on social media to be more
profitable.
2 Conceptual background
In recent years, social media have become ubiquitous for users and companies.
Approximately 1.2 billion people use Facebook worldwide to follow brands (53 %
at least once per month), learn more about brands (65 %) or hear of others’
experiences with brands (70 %; The Nielsen Company 2012). Consequently,
companies following a multi-channel customer management approach (Neslin et al.
2006; Neslin and Shankar 2009) invest heavily in social media by establishing brand
fan pages on which companies convey brand-related content (i.e., brand posts) that
users can like, comment on, or share, and the company can react with comments of
their own (De Vries et al. 2012; Labrecque 2014). These open, social media-enabled
interactions between a company and its customers help create a community that
revolves around the brand and fosters the brand relationship (McAlexander et al.
2002; Muniz and O’Guinn 2001). In this study, we analyze the brand-related
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interactions between customers and a mobile phone provider. The examples
provided in the paper hence refer to this context.
Although there is a large body of research on the various positive implications of
brand communities (for an overview, refer to Gruner et al. 2014), challenges with
respect to the management of customer relationships and its implications on the
development and retention of customers, as well as their profitability, remain
(Malthouse et al. 2013). Without knowing how social media influence customer
relationships, companies struggle to assess the return on their investments. This
study addresses this research gap and provides an analysis of the effect of social
media interactions with the firm on upselling behavior, customer churn, and service
contacts as well as its implications on the profitability of social media activities.
The question regarding how social media interactions influence the post-purchase
decisions of customers is crucial for companies. Once customers have purchased a
product or service, social media enable customers to share their consumption
experience with their social network. For instance, consumers can like, rate, review,
or comment on the brand (Hennig-Thurau et al. 2004, 2015). Additionally,
customers can actively refer the product or service to others by recommending or
sharing information (Yadav et al. 2013). In both cases, the post-purchase
involvement helps other users validate their opinions regarding specific products
or services (Schau et al. 2009). In this regard, social media interactions resemble
word-of-mouth (WOM) in which prospective customers receive product informa-
tion from trusted sources in their social network (Dichter 1966). However, social
media also provides users with a platform to voice negative customer experiences
(Hennig-Thurau et al. 2004). For instance, 50 % of social media users express
complaints regarding brands at least once per month (The Nielsen Company 2012),
which changes customer complaints from a private to a public phenomenon (Ward
and Ostrom 2006). Using social media platforms, consumers can cheaply voice their
dissatisfaction, easily reach a large audience and, consequently, effectively harm the
brand (e.g., Chevalier and Mayzlin 2006; Elsner et al. 2010).
Given companies’ intention to expand customer relationships and to increase
customer revenues, WOM affects not only the sales of other customers (Chevalier
and Mayzlin 2006; Hinz et al. 2011) but also the sales of the senders, repeat
purchases, or additional purchases through up- or cross-selling (Kumar et al. 2010;
Armelini et al. 2015). Up- or cross-selling in the mobile phone context could
involve extended talk or data plans, hardware, or auxiliary services (e.g., Company:
‘‘Upgrade your data plan and get 1 GB data free!’’). In this case, social media
interactions serve as a source of information from which customers learn about
products and services and form their attitude regarding them. This information
sharing occurs not only by following company-initiated brand posts but also by
actively interacting with the brand (e.g., commenting, liking, or inquiring on
information such as User: ‘‘I really like the iPhone. When do you start selling it?’’).
Through such frequent social media interactions, attitudes towards the brand
become more accessible for prospective customers. Consequently, the increase in
the attitude accessibility facilitates customers’ subsequent purchasing behavior
(Downing et al. 1992; Morwitz et al. 1993). Although frequent brand-related
interactions via social media and the subsequent increased involvement of
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customers with positive experiences would reflect higher up- and cross-selling and
further developed customer relationships, we would expect the opposite effect for
those who voice their negative experiences.
The same applies to the effect of social media interactions on customer churn.
The research proposes that customer interactions create engagement value for the
company, which has a positive effect on customer retention and, ultimately, the
customer value (e.g., Kumar et al. 2010; Van Doorn et al. 2010; Verhoef et al.
2010). In particular, customer engagement, such as participation in positive WOM,
increases the commitment and social identification with the brand as well as the
brand community and leads to higher customer retention (Brodie et al. 2013). Most
likely, only social media interactions that are driven by positive customer
experiences would exert similar customer reactions and affect customer retention
positively. This effect would certainly not hold for negative customer experiences,
which lead to uncertainty regarding the overall effect of social media interactions
for companies.
Apparently, the uncertainty regarding the effects of social media interactions on
customers’ upselling behavior and churn depends highly on the previous service
experience of customers. Hence, reacting appropriately to complaints has become a
major challenge (Bolton and Saxena-Iyer 2009; Hennig-Thurau et al. 2010) and an
opportunity for both companies and their social media activities. The research
indicates that companies that take appropriate remedial actions in a timely manner
show that they are sensitive to customer concerns (Van Laer and De Ruyter 2010;
Van Noort and Willemsen 2012). If companies respond via social media platforms,
the resulting favorable brand evaluations are visible to other customers and have an
outreach effect that is nearly equivalent to that of the complaints (e.g., User: ‘‘Help.
I have had no coverage for 3 h now. Is there a problem with the network?’’,
Company: ‘‘Hello User, have you tried to restart your mobile? If you send us your
address, we can check if there is a local disturbance.’’). Therefore, adequate
customer service via social media, which is called social care, is not only a strategic
necessity for customer relationship management (47 % of social media users engage
in social care; The Nielsen Company 2012) but also a viable means to reduce
customer service costs. Social care can directly manage dissatisfied customers and
offer solutions to the problems associated with the complaints (Bernoff and
Schadler 2010). In this case, social care replaces costly offline customer service
contacts (e.g., via telephone; Aksin et al. 2007). Furthermore, social care promises
to be much more efficient than previous bilateral customer service encounters.
Companies also benefit from the publicity that successful social media interactions
between customers and companies regarding complaints draw. First, customers may
be prevented from encountering the same problem and, hence, from experiencing
dissatisfaction. Second, customers who encounter the same problem learn about the
solution and thus will not need to contact the company to seek a remedy. In this
regard, social media interactions in the form of social care could decrease the
number of customer service requests and the subsequent costs by replacing and
preventing offline customer service contacts.
To determine any meaningful insights into the actual profitability of social media
activities, the required investment in such channel needs to be specified as well.
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Social media interactions with (potential) customers do not come for free but
require investments in external consulting (e.g., to determine the social media
strategy), internal staff (e.g., community managers) as well as additional spending
for building the specific social media site or app (see, for example Digitalbuzz
2011). Such cost are—compared to, for example, advertising—not very transparent
though. And despite academic research frequently postulates that they are
‘‘relatively low’’ compared to other channels (see, e.g., Kaplan and Haenlein
2010), industry sources estimate six-digit budgets even for simple campaigns (see
Digitalbuzz 2011). A further complication is that the traditional process of spending
might not be applicable for social media (see Weinberg and Pehlivan 2011).
Hoffman and Fodor (2010) even argue that traditional ROI measures cannot be
applied to social media. Rather than focusing on the firm’s investment, marketing
managers should look at the customer’s investment when interacting in such
channels.
Considering companies’ uncertainty regarding the revenue and cost implications
of social media interactions, we report on three empirical analyses that investigate
the effect social media interactions have on customers’ upselling behavior, churn,
and service contacts.
3 Empirical analyses
3.1 Data and measures
The data used in this study were obtained from a mobile phone service provider in a
major European country and capture all customer-related activities of this firm from
its market entry in April 2012 until July 2014 (856 days in total). In particular, the
dataset encompasses information on 334,111 customers and includes their
demographic information (such as gender, age, or household purchasing power)
and contract history (such as the dates of the contract start, product upgrade, or
termination) as well as data on all individual interactions with the company’s
customer service (via telephone or email; in total, 585,754 interactions). The
company offers telecommunication services in the form of a subscription-based talk,
text, and data plan. In addition to the flat-rate service for calls, customers can
subscribe to optional upgrades to flat-rate text or data plans.
Most importantly, the firm operates a dedicated Facebook brand page as an
integral part of its social media marketing activity. The company installed a
professional community management system with a focus on content and social
service from the beginning. The main objective is the proactive management of
activities on the brand page and general ‘‘storytelling’’. The company generates
specific content periodically to fuel interaction among users regarding major issues
(e.g., hardware tests, surveys, special fan offers). Additionally, the social service is
the reactive management of consumer activities. Consumers (customers and non-
customers) begin discussions with messages, requests, and complaints on the brand
fan page and interact with other consumers. The community management enters the
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discussion to resolve problems in the public space.1 Hence, we have access to all
102,995 interactions with customers and non-customers on this site, specifically
including all user-generated and company-generated content. Table 1 contains
detailed information on the sample and the measures used for the individual
analyses in the following studies. All individual-level data were encrypted, and the
financial data were rescaled to comply with the company’s privacy policies and
financial disclosure regulations.
3.2 Overview of analyses
In the following, we present three empirical studies that investigate the proposed
effects of social media interactions. Given that we do not have a controlled
experimental setting, it is necessary to control for endogeneity and selection biases
that may occur if customers with social media interactions differ from those
without. Thus, we use the propensity score matching approach to reduce the self-
selection effects in all three studies (Caliendo et al. 2012; Rosenbaum and Rubin
1983). Following Garnefeld et al. (2013), we first estimate the propensity score with
the help of a binary logistic regression in which the dependent variable equals one
for customers with social media interactions and zero otherwise. Because the
estimation results for the full sample indicate a good fit to the data (refer to
Appendix 1), we include all variables in our calculation of the propensity scores
(Rubin and Thomas 2000) and use the nearest-neighbor matching procedure to
match social media customers with similar non-social media customers. As shown
in Appendix 2, the matching procedure helps significantly reduce the selection bias
in the full sample because the treatment and control groups are distinct before the
matching procedure and exhibit similar characteristics thereafter (based on the
percentage reduction in bias; refer to Rosenbaum and Rubin 1985). Because the
analyses consider different dependent variables (i.e., upselling behavior, contract
terminations, and service contacts), three different propensity score matchings are
needed (Table 2).
Our research is organized into three studies: first, we use a parametric Weibull
hazard model to investigate how social media interactions affect the likelihood and
timing of the upselling behavior. Specifically, we observe whether and, if they do,
when customers chose to upgrade to a flat-rate SMS or data plan. We choose a
hazard model approach because the observed customers vary significantly in their
tenure; the key influence factors require a time-varying approach, and a large
number of observations are right censored. Second, to analyze the effect of social
media interactions on customer retention, we use a probit model with sample
selection (heckprobit). The probit component of this modeling approach indicates
the influence of social media interactions (and additional covariates) on customer
retention for those customers who chose to interact via social media, whereas the
sample selection component controls for endogeneity issues that originate in the
self-selection of Facebook as a communication channel through a Heckman
correction (Heckman 1979). Additionally, we compute the Kaplan–Meier estimates
1 According to the partner company, nearly 100 % of all consumer-initiated activities are answered.
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for contract terminations and analyze the customer survival over time (based on a
matched sample). Thus, we are able to compare the churn behavior between the
groups both stationary (at the end of our observation period) and over time
(throughout the full observation period) to identify specific patterns when the churn
risk of a customer changes during the contract tenure. Third, we use a seemingly
unrelated regression approach to capture how the number of service contacts, i.e.,
service requests and complaints, are affected by social media interactions.
3.3 Social media interactions and upselling behavior (Study 1)
3.3.1 Sample and measurement
In Study 1, we use the data of all 334,111 customers who signed up for a contract in
the first 856 days after launch to analyze the effect of social media interactions on
the upselling behavior of customers. Specifically, we consider customers’ decision
to upgrade their product (for example, by adding a SMS flat rate or a data flat rate)
to be the upselling behavior. The upselling behavior is a dichotomous (dependent)
variable that solely considers the first service upgrade initiated by a customer. Based
on the information of all social media activities of the customers on the company’s
brand page, we use the two variables, pre-purchase interactions (which count all
interactions on the brand page before becoming a customer) and post-purchase
interactions (which include all interactions on the brand page after becoming a
Table 2 Overview of studies
Study 1 Study 2 Study 3
Research
questions
What is the effect of social
media interactions on the
likelihood and timing of
upselling behavior?
a. What is the effect of social
media interactions on the
likelihood of customer
retention?
b. What is the effect of
social media interactions
on customer lifetime?


















Propensity score matching a. Heckman correction





334,111 a./b. 334,111 334,111
Sample size
(matched)
4154 b. 8330 2916
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customer), as focal independent variables. This appears to be appropriate because
previous research has shown that the post-acquisition social influence helps
customers re-affirm or validate their initial choice (e.g., Donnelly and Ivancevich
1970; Mudambi and Schuff 2010).
As covariates, we include information on customers’ interactions with the
customer service unit that provide insights on an alternative channel of customer
interaction. Here, the number of service requests indicates how often customers
contacted the company’s customer service regarding general service issues such as
invoice inquiries or customer detail changes. The variable, service complaints,
quantifies the number of complaints that were received by the customer service unit.
Both the social influence variable (pre-purchase and post-purchase interactions on
the brand page) and the interaction variables with the customer service unit (service
requests and complaints) are time-varying. The values for both variables are
accumulated until the date of the first upselling event (e.g., a contract upgrade).
Interactions on the brand page or with the customer service unit after the first
upselling event are not considered. Furthermore, we capture customer character-
istics such as the acquisition channel, consent to receive personalized advertising,
and average purchasing power in the customers’ ZIP code as well as age and gender.
The descriptive statistics of the variables are shown in Table 1.
As previously noted, we first estimate the propensity score with the help of a
binary logistic regression in which the dependent variable equals one for customers
with social media interactions and zero otherwise. In detail, we match 2077
(97.7 %) customers with social media interactions prior to their upselling with 2077
customers from the control group.2 As shown in Appendix 2, the matching
procedure helps significantly reduce the selection bias in the full sample because the
treatment and control group are distinct before the matching procedure and exhibit
similar characteristics thereafter (based on the percentage reduction in bias; refer to
Rosenbaum and Rubin 1985). The average percentage reduction in bias for all
variables is 88.3 %.
Given the longitudinal character of our data in which the observed customer
tenure varies significantly across time and because most of the observations are right
censored (because upselling events can occur any time during the customer tenure),
we use a survival model to analyze the effect of the social media activity level on
the likelihood and timing of the upselling. We choose a parametric Weibull hazard
model formulation to account for the baseline trend of the upselling likelihood
during the customer lifetime and to allow for a time-varying formulation of our
focal variables, pre- and post-purchase interactions, service requests, and service
complaints (Grewal et al. 2004; Kamakura et al. 2004). The model defines the
hazard rate h(t|ki) for customer i as:
hi tjkið Þ ¼ h0 tð Þexp kibkð Þ ¼ ata1exp b0 þ kibkð Þ ð1Þ
2 Within a tolerance zone (see Silverman 1986), we are unable to find a perfect matching partner for 82
customers.
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In this notation, ki represents the vector of p covariates with the parameter bk and
the ancillary shape parameter a estimated from the data. The parameter estimates
are obtained from maximizing the partial likelihood function (Blossfeld et al. 2007).
The dependent variable upselling behavior is defined as a dichotomous variable for
which we solely consider the first service upgrade initiated by a customer. The time
variable t is defined as the customer lifetime, which is measured in days.
Consequently, the dataset used for the estimation includes single observations for
every day that passed between a customer’s activation and the upselling event,
respectively censoring. The focal variables, pre-purchase interactions, post-
purchase interactions, service requests, and service complaints, are incorporated
as time-varying covariates that account for changes on a daily basis. We excluded
service contacts specifically aimed at upgrading a contract (e.g., ‘‘I want to book the
flat-rate data plan starting September 1.’’) to prevent endogeneity issues. With
variance inflation factors\1.3, we observe no collinearity (refer to Appendix 3).
3.3.2 Results
The results shown in Table 3 indicate that customers who engage in social media
interactions indeed tend to develop their customer relationship further. We find that
customer interaction on the brand page increases the propensity for upselling: the
coefficient for post-purchase interactions is both significant and positive
Table 3 Influences on upselling behavior
Variables Hazard ratio Sig.
Pre-purchase interactions 0.889 0.268
Post-purchase interactionsa 1.009 0.009
Service complaints 1.027 0.354
Service requests 1.020 0.923
Acquisition channel 1.026 0.704
Purchasing power 1.026 0.380
Advertising consent 0.879 0.406
Credit score 0.735 0.000
Age 0.990 0.103
Gender 1.027 0.862
Intercept 5.9 9 10-5 0.000
Log likelihood -767.865
Chi square 30.57; p\ .001
Observations 4154
a Sum of social media interactions until first upselling event
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(b = 1.009; p\ .01). While the credit score also affects the timely upsells, we do
not find any significant effects of the other covariates on the upselling behavior.
Overall, the findings indicate that the higher the activity level is, the earlier the
customers upgrade their contract.
3.4 Social media interactions and customer churn (Study 2)
3.4.1 Sample and measurement
Above, we argued that it is unclear which overall effect social media interactions
have on customer retention. Therefore, we analyze the behavior of the 334,111
customers in our sample regarding customer churn. Again, the data include all
contractual relationships in which customers commit for 24 months. Because our
observation period encompasses more than 27 months and because the contractual
termination period ends 3 months before the contract ends, we observe more than
one complete contract life cycle for the first cohort of customers (i.e., those who
sign up during the first 6 months after launch). In total, we find 105,307 active
terminations of contracts, i.e., when customers explicitly cancel the contract
according to the regular cancellation policy. Certain churn events occur during the
24-month contract period because some customers terminate their contracts well
ahead of time to avoid missing the termination deadline. Customer churn may also
result from customers’ refusal to pay their fees (Becker et al. 2015). In these cases
of passive termination, the customer does not actively cancel the contract; however,
the behavior of not fulfilling the financial obligations ultimately results in a
termination of the contract by the mobile phone company.3
To investigate the relation between social media interactions and customer churn,
in the first step, we employ a probit model with sample selection (Van de Ven et al.
1981). For this purpose, we use the full sample of 334,111 customers and apply a
Heckman correction to account for the self-selection of Facebook as a communi-
cation channel. We employ the same set of explanatory variables as in Study 1,
include the upselling behavior and use the sign-up date to account for differences in
customer tenure. For the sample selection component, we use the same explanatory
variables as in the propensity score matching (i.e., age, gender, usage, and
purchasing power). To reduce complexity, we chose all contract terminations as the
dependent variable (i.e., both active and passive terminations).
The formal estimation model consists of two components (Greene 2012, p.
790)—an observation rule, S = 1, and a behavioral outcome (here, churn), y = 0 or
1:
S ¼ z01c1 þ u1; S ¼ 1 if S[ 0; 0 otherwise, ð2Þ
y ¼ z02c2 þ u2; y ¼ 1 if y[ 0; 0 otherwise,
3 Due to confidentiality reasons, we are not allowed to disclose the exact relation between active and
passive terminations.














y; z2ð Þ observed only when S ¼ 1:
where z1, z2 represent the vectors of covariates, c1, c2 the corresponding coeffi-
cients, and u1, u2 the unobservables of the selection and churn equation,
respectively.
In the second step of our analysis, we investigate the behavior of active users of
the provider’s Facebook brand page and non-users over time. Specifically, we
analyze social media interactions with respect to their effect on the churn propensity
and the resulting customer lifetime. For this purpose, we compute the Kaplan–Meier
estimates for active, passive and total contract terminations to measure the customer
survival over time for both groups. Analogous to the full sample in Study 2, we use
the propensity score matching approach to reduce the selection bias with respect to
the social media interactions prior to contract terminations.4 The results in
‘‘Appendices 1 and 2’’ indicate that the matched sample has had its biases reduced
(on average, 92.9 % for all variables).
3.4.2 Results
The results of the probit model with sample selection are presented in Table 4. We
find that the number of social media interactions indeed has a significant and
negative effect of -.008 (p\ .01) on the churn probability. While service
complaints with an effect of .005 (p\ .05) increase the risk of churn, we do not find
a significant effect for regular service contacts. As expected, the churn rate increases
with the customer tenure, i.e., customers who joined later during the observation
period (indicated by the sign-up date) show a lower churn probability of -.0002
(p\ .01). The effects of the other covariates are also not surprising for CRM
managers: younger, male customers churn more frequently, while previous
upselling activities significantly reduce the churn risk.
Furthermore, the Kaplan–Meier estimates depicted in Fig. 1 reveal interesting
patterns for the different types of contract terminations. Over the total number of
terminations, we find that customers with social media interactions are substantially
less likely to terminate their contracts (see Fig. 1a). However, this trend is mainly
driven by passive terminations (Fig. 1c) in which the churn probability for social
media-active customer is lower than for the control group. For active terminations,
the churn probabilities do not differ substantially (Fig. 1b). This finding is
interesting because it shows that social media interactions may not necessarily
increase loyalty in general (as indicated by the active terminations); however, it at
least substantially decreases the likelihood of fraudulent customer behavior, i.e.,
simply stopping the payment of the contractual fees to trigger a cancellation within
the regular contract period. Figure 1c shows that such passive terminations occur
4 In total, we were able to match 4165 of the 4598 customers with social media interactions with the
same number from the control group (90.6 %).
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significantly more often for customers without social media interactions than for
those with social media interactions.
To test the structural differences in the timing, we analyze the average time to
termination for both customer groups (see Table 5). The results for the total number
of terminations indicate that customers with social media interactions terminate
their contracts significantly later than customers without social media interaction
(after 178.01 vs. 126.55 days; p\ 0.01). As previously indicated by the Kaplan–
Meier estimates, this pattern solely holds for passive terminations. However, for
active terminations, the difference is not significant. Overall, the findings of our
analyses indicate that social media interactions correlate positively with longer
customer lifetimes.
Table 4 Influences on customer churn probability
Variables Coef. Sig.
Churn equation (DV = customer churn)
Social media interactionsa -0.008 0.003
Service complaints 0.005 0.015
Service requests -2.7 9 10-4 0.631
Upselling behavior -0.167 0.000
Acquisition channel 0.140 0.000
Purchasing power -0.010 0.000
Advertising consent 0.017 0.027
Credit score -0.025 0.000
Age -0.008 0.000
Gender -0.192 0.000
Sign-up date -2.0 9 10-4 0.000
Intercept -1.796 0.000
Selection equation (DV = use of social media channel)
Usage 3.4 9 10-4 0.000




a tanh qb 4.381 0.000
p 0.999
Log likelihood -26,651
Chi square 721.44; p\ .001
Observations 334,111
a Sum of social media interactions until churn event





Business Research (2016) 9:133–155 145
123
3.5 Social media interactions and service requests (Study 3)
3.5.1 Sample and measurement
Considering that social media provides an alternative channel for customer service,
we analyze the effect of social media interactions on the volume of customer service
contacts. Research has shown that online communities use customer interactions to
reduce call center staff who otherwise would provide customer support (Rosenbaum
2008). Hence, customers who actively engage on brand pages may have fewer
contacts with the customer service unit. Again, we performed a propensity score
matching for all of the social media interactions prior to the first service contact of
our full sample of 334,111 customers during the time of observation (refer to
Appendices 1 and 2). We achieved a good bias reduction (average of 91.8 %) with
the matching procedure and identified the service requests and complaints made by
customers with and without social media interactions for the matched sample.5 To
investigate the influence that social media interactions exert on service contacts, we
Fig. 1 Kaplan–Meier survival estimates
Table 5 Comparison of average customer lifetime until contract termination






Active terminationsa 476.74 448.98 –
Passive terminationsb 125.96 101.79 4
Total 178.01 126.55 4
Observations 8330
* Test of differences in mean (two-sided significance on the 0.01 level)
a Values indicate the days until customer canceled the contract
b Values indicate the days until the customer’s refusal to pay leads to a cancellation of the contract by the
company
5 Overall, we were able to find a matching partner from the control group for 1458 of the 1512 customers
with social media interactions (96.4 %).
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estimate the following seemingly unrelated regression framework (Greene 2012, p.
332):
qi ¼ Xidþ ei; ð3Þ
with qi ¼ qi1; qi2ð Þ0, ei ¼ ei1; ei2ð Þ0;
Xi ¼ xi1 00 xi2
 




where we measure the number of contacts q for the two different service instances
(1 = requests, 2 = complaints) for each customer i and Xj represents the 8 9 2
matrix of explanatory variables (with d as the corresponding parameter vector). In
detail, we use the focal variable, social media interactions, as well as additional
contractual (e.g., advertising consent, upselling behavior, and acquisition channel)
and demographic covariates (e.g., age, gender, credit score, and purchasing power).
ei is a 2 9 1 vector of unobservables for which we assume that they are uncorrelated
across observations but correlated across equations:
E e1a; e2bjX1;X2½  ¼ r12; if a ¼ b and 0 otherwise: ð4Þ
3.5.2 Results
To analyze whether social media interactions affect service contacts in principle, we
compare the average number of service contacts (either request or complaint) for the
two groups in the matched sample. The results in Table 6 demonstrate that a
difference does exist, which indicates that customers with social media interactions
on the firm’s Facebook brand page have more service contacts in total (37.9 vs.
29.3 %; p\ .01). Specifically, the results from Table 6 show that the rate of regular
service requests is significantly higher for social media users than for customers
who have no social media interactions with the firm (36.7 vs. 27.3 %; p\ .01).
However, for specific service complaints, we do not find significant differences
between the groups. Considering the individual nature of customer complaints (e.g.,
Bearden and Teel 1983), this latter finding appears intuitive. For service failures,
both groups need to contact customer service to address their individual complaints.









Service requests 0.367 0.273 4
Service complaints 0.012 0.020 –
Total 0.379 0.293 –
Observations 2916
Values indicate the average number of service requests or complaints per customer
* Test of differences in mean (two-sided significance on the 0.01 level)
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After establishing that the effect of social media interactions exists only for
service requests, the results of the regression analysis can reveal the intensity of the
effect. The results imply that while the effect of social media interaction on service
requests is marginally significant, it is not significant for service complaints (see
Table 7), thus, confirming the previous finding: because service failures (such as
hardware breakdowns, network outage, or invoicing errors) can only be resolved by
the provider itself, social care provides little or no potential help. The revealed
significant covariate effects are also intuitive: Customers who were acquired online
also use the (mostly digital) service channels for service requests more frequently
than customers acquired offline. At the same time, demographics that are generally
associated with a lower affinity to new technology (e.g., female senior citizens)
require more customer service interactions (mostly via telephone).
Overall, we find that interacting with peers in social media communities does not
significantly replace service contacts from customers. In contrast to companies’
objectives, the results indicate that social media interactions do not adequately
substitute for service requests through conventional channels such as telephone and
email. To assess whether the increased level of service contacts for social media-
affluent customers poses a problem for the profitability of managing a brand page,
we conduct a profitability analysis as follows.
4 Profitability of social media interactions
From a managerial perspective, a key issue is whether the revealed differences
between customers with and without social media interactions with the firm
translate into economically relevant consequences for their respective profitability.
Table 7 Influences on service contacts
Variables Service requests Service complaints
Coef. Sig. Coef. Sig.
Social media interactionsa 0.058 0.100 -3.1 9 10-5 0.995
Upselling behavior -0.121 0.251 -0.002 0.884
Acquisition channel -0.091 0.057 0.002 0.704
Purchasing power 0.001 0.881 0.002 0.142
Advertising consent 0.044 0.358 0.006 0.380
Credit score 0.015 0.485 0.005 0.062
Age -0.003 0.133 -3.6 9 10-4 0.138
Gender 0.092 0.059 -0.001 0.874
Intercept 0.383 0.025 -0.014 0.539
R2 0.005 0.003
F value 2.00; p\ .05 1.07; p = 0.38
Observations 2,916
a Sum of pre- and post-purchase interactions
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Overall, the results from Studies 1–3 imply that customers who engage in social
media interaction are more easily retained and are more likely to upgrade their
customer relationships but have more service requests. Considering these mixed
effects, we would expect social media-active customers to generate both higher
revenues and costs. To test the profitability implications of this assumption, we
compared the matched sample of 8330 customers with and without social media
interactions from Study 2 with respect to the revenues and costs for the focal
company. For this purpose, we focus solely on such positions that vary between
individual customers. Revenues include the monthly payments based on the selected
flat-rate tariff and the upgrade options (such as the data and SMS flat rate). We
cannot disclose the direct interconnection cost (i.e., the percentage of revenue that
the network operator is charged by the actual network provider) due to
confidentiality reasons. Typically, these interconnection costs are fixed per flat-
rate contract; hence, they are independent of the number of calls, SMS, or data
volume and are in the range of 60–90 % of the revenues. Because these
interconnection costs are identical between the groups of customers, they do not
affect the outcome of our analysis.
The costs are retrieved directly from the firm’s internal accounting system and
include all variable customer costs, in particular the service costs triggered by
contacts via post, email, or phone. For example, we know the exact number of
service calls, the exact length of each call, and the attached cost factor for each
customer. As a general indication for this industry, call center agents are trained to
handle service calls within a 3 min time frame; a typical rate for such a large-scale
inbound service operation is approximately 0.50 Euro per minute.
To allow for a valid comparison between customers with and without social
media interactions, we report the specific costs of these interactions separately,
again using data from internal accounting. The firm employs an in-house team of
social media agents who monitor the Facebook page continuously and respond to
every post from customers. These fixed costs are attributed to each customer with
social media interaction on a per post basis, irrespective of the length or the
complexity of the communication. In this industry, the typical rates for such service
posts are in the range of a maximum of 1 Euro.6
To compare the revenues and costs of both groups with different customer
lifetimes, we calculate the average monthly revenues and the average monthly costs
per customer.7 In accordance with our expectations, the comparison in Table 8
demonstrates that social media-active customers not only generate significantly
higher revenues (?11.1 %) but also cause substantially higher customer service
costs (?135.1 %). However, even if we account for the additional social media-
induced costs, we find that the overall effect on the profitability is positive; the
margin with social media interactions is significantly higher (?5.2 % marginal
return) than that without social media interactions. This finding confirms that of
6 Please note that the initial set-up cost of the company’s Facebook fan page were negligible and would
amount to less than 1 Cent if attributed per customer and month.
7 To comply with a non-disclosure agreement, all reported absolute numbers have been rescaled albeit
with an identical factor to maintain the relative magnitudes.
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Libai et al. (2010), who suggested that customer interactions in social communities
can build customer equity.
Of course, this positive return is dependent on an efficient handling of social
media interactions, which is easier to achieve for large-scale operations that handle
hundreds of thousands or millions of customers. To test the robustness of our
finding, we conducted a scenario analysis that assumes a wide range of cost per post.
We find that in our empirical application, the break-even for the fostering social
media interactions’ approach costs approximately 5 Euro per post, which is several
multiples of the actual cost per post that was observed, although the firm employed a
conservative cost attribution. For firms that can leverage larger scale effects (e.g.,
telecommunication providers often have millions or tens of millions of customers)
or utilize outsourcing to low-cost countries overseas (which is not possible, for
example, for a provider in the German language area), the potential returns of a
social media interaction strategy may be considerably higher.
5 Conclusion
This study provides a wide range of empirical insights that indicate that the
interaction of customers with a firm through social media channels eases the
upselling efforts and reduces the risk of churn but increases the number of service
requests for this group of customers. Considering all of the analyses, corrected for
selection biases and possible endogeneity issues, the results demonstrate that the
significant differences in customers’ upselling behavior, churn, service contacts and,
ultimately, profitability are actually caused by the specific interactions of customers
through the brand page. For example, the higher propensity to upgrade the contract
could be due to higher loyalty, which is fostered by active participation in the brand
community. In addition, the results imply that although the brand page interaction
may not help preemptively resolve questions or concerns, they do indeed increase
Table 8 Comparison of customer revenues and costs






Customer revenues 21.85 19.67 4
Customer costs
Service costs 1.34 0.57 4
Social media costs 0.42 –
Total 20.09 19.10 4
Observations 8330
Values indicate the revenues and costs in Euro; customer costs involve mainly customer service and
operational costs, they do not include the interconnection costs paid to the network provider which are
structured as a fixed percentage of the revenues
* Test of differences in mean (two-sided significance on the 0.01 level)
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customers’ tendency to engage in ‘‘real’’ dialogue with the company. This finding is
supported by the significantly higher number of events in the traditional service and
support channels, such as the call center or email. Experiencing the company’s
response to customer queries in social media certainly lowers the customer’s
inhibition threshold to contact the company via other channels.
Given the exploratory nature of these studies and the novelty of this research
domain, we face several limitations that must be considered. First, the setting in the
telecommunication industry has certain particular characteristics, such as the
common 24-month contracts, which are not applicable to other fields. Although the
observation period of more than 850 days is definitely not short by general
standards, observations throughout multiple contract periods would provide
potentially valuable further insights into customer retention.
Second, although we have access to an extensive range of customer data, certain
limitations remain. Due to legal restrictions, we are not able to identify or track the
social media activities of customers outside the brand page. Additionally, the
analysis of the actual contents of the interactions is limited. Thus far, a very basic
evaluation of the overall valence of initial posts in a specific thread is available (ca.
46 % of these first posts have negative tonality, and ca. 54 % have positive to
neutral tonality). Though the found effects hold despite this large share of negative
comments, future research may more closely examine the role of sentiment
(Schweidel and Moe 2014). Such additional data would also help to account for
heterogeneity, particularly in those exploratory studies that are currently based on
simple mean comparisons. While we capture observable heterogeneity by including
key control variables (such as gender, age, or acquisition channel) in our
multivariate models, future research should try to consider unobserved heterogene-
ity as well. This applies in particular to future developments of the rather hands-on
approach of our profitability analysis.
Finally, research into the causal mechanisms of social interactions that lead to
higher profitability requires additional approaches, such as laboratory or field
experiments or other, more behavioral techniques. Such approaches would
especially help determine whether social media interactions are rather reflections
of underlying attitudes or actually forming the attitudes regarding the product or
service in question.
However, this study’s results already indicate that social media interactions may
influence customer management variables and, ultimately, profitability. Given the
initial insights of this study and, in particular, the significant difference in the
profitability between the groups with and without social media interaction, this topic
is highly relevant for marketing managers and will surely provide substantial
opportunities for further research.
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Table 9 Determinants of social media interaction propensity
Variables Matched sample
Upselling Terminations Service requests
Coef. Sig. Coef. Sig. Coef. Sig.
Usage 0.001 0.000 0.000 0.001 0.000 0.000
Purchasing power -0.028 0.001 -0.019 0.001 -0.021 0.041
Age -0.019 0.000 -0.016 0.000 -0.018 0.000
Gender -0.559 0.000 -0.446 0.000 -0.559 0.000
Intercept -3.710 0.000 -3.149 0.000 -4.157 0.000
Dependent variable 1 = social media interactions. N = 334,111
Table 10 Percentage reduction in bias
Variables Matched sample
Upselling Terminations Service requests
Usage 0.84 0.96 0.95
Purchasing power 0.81 0.83 0.82
Age 0.89 0.93 0.95
Gender 0.99 0.99 0.95
Average 0.88 0.93 0.92
Observations 4154 8330 2916
The differences in observations are a result of the different number of customers with social media
interactions up until the first service request, the first upselling event, and the contract termination,
respectively. The percentage reduction bias was calculated following Rosenbaum and Rubin (1985);
N = 334,111
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